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Variance Formulation in d-Dimensions

27

f(~x)

Pilleboue et al. [2015]

hPPN (⌫)i Pf (⌫)

Var(IN ) =

Z

⌦
d⌫⇥

Poisson Disk Samples

Fredo Durand [2011]
Subr & Kautz [2013]

PN (~x)



Variance Formulation in d-Dimensions

28

hPPN (⌫)i

f(~x)

Pf (⌫)

Var(IN ) =

Z

⌦
d⌫⇥      

Poisson Disk Samples
Pilleboue et al. [2015]

PN (~x)



Variance Formulation in d-Dimensions

29

Pilleboue et al. [2015]

f(~x)

Var(IN ) = ⇥
Z 1

0

Pf (⇢)hPPN (⇢)i

d⇢

0 0

Poisson Disk Samples



Expected Power Spectra: 
Line and Segment Samples

30



31

Li
ne

s

Samples Power Spectrum

Su
n 

et
 a

l. 
20

13

Po
is

so
n 

D
is

k

Samples Power Spectrum

Expected Power Spectra: Line and Segment Samples
Ra

nd
om



32

Li
ne

s
Se

gm
en

ts

Samples Power Spectrum

Su
n 

et
 a

l. 
20

13

Po
is

so
n 

D
is

k

Samples Power Spectrum

Expected Power Spectra: Line and Segment Samples

Po
is

so
n 

D
is

k

Ra
nd

om
Ra

nd
om



Variance formulation for Line Samples
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Cornell box Scene: Line Orientations
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Cornell box Scene: Line Orientations
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Ambient Occlusion: Points, Segments and Lines
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Ambient Occlusion: Segments Varying Length

Segment length = 0.001 Segment length = 1 Segment length =⇡

Jittered Samples
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Segment Offsets with both 1D and 2D Stratifications
Multi-jitter
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Multi-jitter



88

Segment Offsets with both 1D and 2D Stratifications
Multi-jitter
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Segment Offsets with both 1D and 2D Stratifications
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Power spectrum

Segment Offsets with both 1D and 2D Stratifications
Multi-jitter



Future Work

• Develop sampling strategies that can generate 
samples according to the pre-filtered integrand  

• Analyze multi-directional samples with correlations 
e.g. multi-class blue noise samples 

• Choosing sample orientations for maximum benefits

91



Thank you for your attention!
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Ambient Occlusion: Segments Varying Length

Segment length = 0.001 Segment length = 1 Segment length =⇡

Jittered Samples
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Length = 0.1 Length = 1Length = 0.001 Length = ⇡

Uniform spherical coordinate sampling

Ambient Occlusion: Segments Varying Length
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Sphere caustics: Points vs Line Samples
2D 3D



Sphere caustics 2D: Points vs Line Sampling
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Sphere caustics 2D: Points vs Line Sampling
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Sphere caustics 3D: Points vs Line Sampling
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Monte Carlo estimator for Segment Samples
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Monte Carlo estimator for Segment Samples
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Monte Carlo estimator for Segment Samples
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Point Sampling with different PDFs

Uniform theta/phi Cosine Weighted
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Segment Sampling with different PDFs

Uniform theta/phi Cosine Weighted
length = 0.1
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Segment Sampling with different PDFs

Uniform theta/phi Cosine Weighted
length = ⇡



Line sampling with Poisson Disk line offsets
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2 dimensions (2D)3 dimensions (3D)
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Expected Power Spectrum
l||
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Line sampling with Poisson Disk line offsets
2 dimensions (2D)3 dimensions (3D)


